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ABSTRACT OF DISSERTATION
The Measurement of Product Typicality in Design Research. A Basic and Applied
Approach.
The objective of this study was to examine the use of the cognitive construct of
“typicality” to guide design decisions in the development of consumer products.
Increasing products that will appeal to consumers, designers strive to balance novelty
and familiarity. A potential way to thread this needle is to understand how “typical” a
design is of its particular product category. The construct of typicality has been used by
psychologists to understand how people create and represent categories. Objects that
are more typical of a category are often associated with positive responses from
observes (e.g., greater visual appeal, faster recognition). In order to leverage the
advantages of typicality in design, however, the construct must be effectively measured.
Here, we specifically assess the validity and user acceptance of a single, numeric rating
scale (the “legacy” typicality scale) that has been used extensively in cognitive
psychology. We also consider whether the construct of typicality should be considered
multidimensional rather than unidimensional.
Study 1 adopted a criterion-related validity procedure in which typicality ratings
from a group of 205 participants were used to predict the choices of products from an
independent group of 170 participants who selected the products that they perceived to
be the most and least visually appealing and prestigious. Additional unidimensional
ratings were collected and used as predictors. These included “visual similarity” (to
other members of the product class), “perceived usability,” and “familiarity.” In study 2,
97 subject matter experts (actual product designers and product researchers)
responded to scenario-based surveys in which they made design decisions based on the
data collected in Study 1. We assessed the quality of the experts’ decisions, as well as
their preference for data type (unidimensional or multidimensional).
Legacy typicality ratings did not reliably predict which members of a product
category were perceived as most appealing or most prestigious. However, typicality
ratings did predict which designs would be seen as least appealing and least prestigious.
In general, less typical designs were less favorable evaluated. Ratings of additional,
theoretically-related constructs did not combine to create a composite measure that
was more predictive. A multidimensional scaling analysis of the typicality ratings did,
however, reveal that the ratings had a 2D rather than 1D structure.

In Study 2, experts strongly preferred using the data from the unidimensional
legacy scales compare to the derived multidimensional results (shown as a 2D plot). The
presence of typicality data did, in limited cases, improve the quality of experts’ design
choices, but these effects depended on the product class being judged and the design
objective (maximize visual appeal or maximize prestige).
In general, the experts tended to be biased toward highly novel designs over
highly typical ones. Low typicality appears to be related to low visual appeal and low
prestige; however, high typicality did not ensure favorable reactions from participants.
This suggests that typicality scores might be best used to define a minimum criterion
which designers should strive to not let their products fall below. We obtained no
evidence that a composite scale was a better predictor of design outcomes than the
legacy typicality scale, and experts preferred the legacy scale over a multidimensional
alternative. Experts’ application of typicality data to their design decisions were highly
varied, with novelty seen by them as more important than typicality.
KEYWORDS: typicality, product design, usability, user experience
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Chapter 1: Purpose
In designing consumer products, there are a few key goals. Successful products
are often visually appealing, recognizable, and easy to use. They may also be associated
with important social construct such as status (prestige) or group membership. One way
that product teams can attempt to achieve some of these goals is to manipulate the
degree of typicality of a given product’s design. For example, designers might ask,
“Should this washing machine look like a very typical washing machine or should it
appear more novel?”. Typicality is, simply, the degree to which an object is
representative of its own category (E. Rosch & Mervis, 1975). There has been research
concerning the way people mentally represent the typicality of instances of a specific
category, for example as “distance” from a hypothetical prototype. There has also been
research relating various performance measures (e.g., classification speed, recall
success) to the typicality of stimuli. However, there has been relatively little research on
how to best collect, analyze, and communicate typicality data to design professionals
who might productively employ the information in making design decisions. In this
series of two studies, we assess the relationship between unidimensional ratings of
typicality – the traditional measurement approach – and rating of several theoreticallyrelated constructs. Specifically, we collected rating of visual similarity (to other
members of the category), perceived usability, and familiarity. These data were used to
predict consumer’ impressions of visual appeal and prestige associated with completed
designs. We also explore the construct of typicality itself and consider whether it is
better conceptualized as a unidimensional or multidimensional construct. Most
1

importantly, we explore the way actual design professionals spontaneously use
typicality data about competing product designs to decide which of the designs is more
likely to generate desired consumer reactions.
Before describing our research questions and approach in detail, we describe
research on typicality that emerged from the study of concepts and categories in 20th
century cognitive psychology. We then make an argument for the potential usefulness
of typicality as a design heuristic. Finally, we focus on how to best measure typicality by
describing the criteria for an effective metric in a design setting.
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Chapter 2: Concepts, Categories, and Typicality
Theories of Mental Concepts
Overview of Mental Concepts
One of the fundamental cognitive processes necessary to daily functioning is the
relationship between mental concepts and categorization. Simply stated, mental
categorization is the way we organize, group, and define objects and concepts in the
world around us (E. Rosch & Lloyd, 1978; E. Rosch, Mervis, Gray, Johnson, & BoyesBraem, 1976). In fact, categorization is such a fundamental aspect to our cognition, that
it is difficult to imagine interacting with the world without being able to group,
categorize, and simplify stimuli. For instance, categorization is used in tasks such as
recognition, “Is this something that is safe to eat?” or classification “Is this person a part
of my group or are they an outsider?”
There are several principles that describe the underlying functionality of mental
categorization (Barsalou, 1982; Bower, Black, & Turner, 1979; Cantor & Mischel, 1979;
Cohen & Basu, 1987). While these principles are important to the discussion of mental
categorization, the current research will highlight two principles of categorization in
particular: cognitive economy and perceived world structure. First, the principle of
cognitive economy states that an organism can and will attempt to gain as much
information about the outside world as possible while using the fewest mental
resources (E. Rosch & Lloyd, 1978; Taylor & Crocker, 1980). It is easy to see how even a
rudimentary classification system of safe vs unsafe or friend vs enemy could give an
3

advantage over no such system. There is little need to consider each snake we
encounter as a totally unique experience. Simply classifying them all as “unsafe” is likely
to yield evolutionary advantages.
Second, the perceived world structure principle posits that the world in which we
exist does in fact have a structure to it. Animals do tend to display phenotypic qualities
that are similar according to their species or family. Eyes on the sides of heads tends to
be associated with prey whereas forward facing eyes tend to belong to predators.
Combinations of different features are also often associated; animals with fur tend to
live on the ground and give live birth while animals with feathers often fly and lay eggs.
Violations to these groupings are very memorable such as in the case of Platypuses.
Classical View of Mental Concepts
Although no longer in favor among cognitive psychologists, the first major
paradigm for mental concepts was the classical view (G. Murphy, 2004; Smith & Medin,
1981). The classical view, which originated with Aristotle, utilizes a definitional
approach. Here, definitions must include necessary and sufficient conditions for a
stimulus to belong to a specific category. For example, for an animal to be categorized
as a “bird” it is necessary for it to have attributes like egg laying and feathers as there
are no featherless, live-birth giving birds.
A definition also requires sufficiency. In other words, if something has all of the
parts of the definition, then it is sufficient to define it accordingly. For example, if we
find that an animal lays eggs, this alone would not be sufficient in determining if it is a
“bird”, as other animals also lay eggs. Early psychological research on the topic assumed
that mental concepts were of a definitional structure (Hull, 1920; Smoke, 1932).
4

Additionally, the work of Inhelder and Piaget (1964) reinforced the definitional approach
to mental concepts stating that “a class is a set of properties common to the member of
that class, together with the set of differences, which distinguish them from another
class” (Inhelder & Piaget, 1964, p. 7).
An additional aspect of the definitional approach is particularly important to the
current study -- the “all or nothing” nature of such a view. A definition, intrinsically,
makes clear what something is or is not. A definition gives precise information about
characteristics specific and unique to the object or concept being defined. Consider our
bird example once more. A penguin has feathers and lays eggs, and thus meets our
necessary and sufficient conditions to be classified as “bird”. The classical view of
concepts then dictates that a penguin is just as fitting a member of the concept “bird” as
are pigeons and robins. In other words, anything that meets the definition of the
concept are all equal members; every bird is equally bird-like.
There are several problems with the "all or nothing" definitional view of
categories. First, there are concepts that seem to be impossible (or very nearly so) to
adequately define. Wittgenstein (1958) offers the concept of a "game" as an example of
this problem. Must a game have a winner or end condition? Does a game require a
certain number of players? Does a game have to be done for enjoyment? Does a game
always have consistent rules or regulations? So, when attempting to define a “game” it
is much more difficult to use phrases like “a game must…” and instead it is more
reasonable to say “a game may…”. The necessary condition of definition is clearly
violated in this example.
5

A second problem with the definitional approach is that objects often do not fall
cleanly into one concept or category. They may be “grey” or be a borderline case where
they may be considered either/or, thus violating the “all or nothing” aspect of a
definition. For example, consider modern computing devices such as smartphones or
computers. As they become more advanced and include more features, these devices
start to stray into “grey” areas where they are sometimes blends of concepts or are
“kind of” members rather than clear-cut ones. Consider the question, “is a digital tablet
a computer?”. It is likely that Figure 1 would not be considered a “good” example of the
concept “computer” if it is considered a computer at all. Instances of such “fuzzy”
category membership reduces the viability of the definitional approach to mental
concepts.

Figure 1. An iPad Pro.

Prototype Theory
One of the theories that attempted to address criticism of the definitional
approach to mental concepts was prototype theory (E. Rosch & Mervis, 1975; E. H.
6

Rosch, 1973a). Prototype theory took a different approach to the structure of mental
concepts. Here, categories of objects can be best described or imagined as a summary
representation, otherwise known as a prototype. There are disagreements on what
specifically constitutes a prototype, but for the purposes of the current work a
prototype can be described as the single best representation of a category. It may also
be considered the “most typical” member, and other category member can be judged as
more or less typical based on their similarity to the prototype.
In describing prototypes, it is also important to describe what a prototype is not.
A prototype is not a real object. A person does not need to directly encounter a
prototype. Further, a prototype is not a single example of a category. Thus, prototype
theory differs from exemplar theory, an alternative view of mental concept processing
that argues that novel object are assigned to a category based on their similarity to
already familiar instance of that category (Hampton, 1979; Medin & Schaffer, 1978).
Additionally, the prototypes being discussed in this work should not be confused with
the “prototypes” that may be made as an early physical representation of a product
being developed. However, a basic premise of this proposal on cognitive prototypes is
that their characterization could certainly be utilized by designers to make physical
prototypes. Furthermore, neither typicality nor familiarity (discussed in a subsequent
section) are not synonyms for prototype as they are separate but related constructs.
Considering the category of "bird" once again, it is likely that the prototype will
consist of a small creature (say, no more than the size of a baseball), has feathers, can
fly, and lays eggs. These are features that are important to the concept of a bird, i.e. the
7

more of these features an animal possess the more “bird-like” it will seem. This is a
crucial departure from the classical approach because here, two animals may be
adequately called “birds” even if they are different in how bird-like each is, i.e. a Dodo
(less bird-like) and a Parakeet (more bird-like).
Numerous studies have demonstrated support for the prototype view of mental
concepts (and thus reducing support for the classical, strict definitional approach)
(Cantor & Mischel, 1979; Hampton, 2006; Lawry & Tang, 2009; E. Rosch, 1975, 1978,
1988; Rudzka-Ostyn, 1989). For example, Posner and Keele (1968) conducted a series of
experiments where they created a number of randomly generated patterns of dots in an
array. They then manipulated those base patterns (prototypes) to create “distortion”
patterns. Some patterns were distorted by a small amount and some were distorted a
large amount. These distortions can be thought of as manipulating the typicality of each
individual stimulus. Participants in the study were first trained on classifying the
different distorted stimuli, followed by a set of trials where they classified additional
stimuli. Stimuli included patterns observed during training, new stimuli, and the
prototypes from which the distortion patterns were created.

8

Figure 2. Example stimuli used in Posner and Keele (1968).

Participants' classification accuracy and response times were nearly equal for the
previously seen training distortions and the prototype patterns, even though
participants had never been exposed to the latter. Further, performance was reduced as
distortion amount increased. These results were interpreted as participants creating
(without ever actually seeing) a prototype from the distortion patterns on which they
were trained. Further, the distance of novel stimuli from the prototype contributed to
the difficulty of classification.

Typicality
Typicality as a Construct
One of the ideas central to all but definitional views of concepts is that instances
of a concept will have degrees of “belonging” to that concept, or what we refer to here
as typicality. Simply stated, typicality is the degree to which an object is similar to other
members in its category and dissimilar from objects in other categories (Barsalou, 1985;
Malt & Smith, 1982; E. Rosch & Mervis, 1975; E. Rosch, Simpson, & Miller, 1976). So, it is
likely that a typical “cup” will have characteristics such as moderate height, can be
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grasped with one hand, is stable on its own, and does not have characteristics that are
typical for other objects like plates or spoons.
Various views have been put forward about what establishes typicality in an
object. Familiarity, or the amount of exposure a person has to a member of a category,
could explain some typicality effects. However, while it makes intuitive sense for
familiarity to be a predictor of typicality, it is relatively easy to provide counterexamples
(Mervis & Rosch, 1981). For example, consider species of fish. It is likely that the fish
shown on the left of Figure 3, Cyprinodon, would be considered by most to be a
“typical” fish. It is elongated, symmetrical about the vertical axis, has scales, etc.
However, this particular species of fish is actually extinct and therefore cannot be very
familiar. Whereas, a fish such as a shark (right side of Figure 3) is familiar but is not
typical, or is at least is less typical.

Figure 3. Cyprinodon and Shark.

What has been a more reliable indicator of typicality is "family resemblance" E.
Rosch and Mervis (1975). As stated previously when defining typicality, family
resemblance is the degree to which an object is similar to other members of a concept
and dissimilar to non-members of that concept. So, our extinct fish can be considered

10

typical because the properties it possesses are similar to those of many other fish.
Whereas the shark, while more familiar, has fewer common properties.
Typicality was considered to have multiple components by Barsalou (1985). In
this characterization, typicality was said to result from the combination of three
variables: central tendency, frequency of instantiation, and ideals. This conception has
implications for the measurement of typicality in applied settings. It opens the question
of whether it is sufficient to treat typicality as a unidimensional construct or whether it
should be treated as a multidimensional one. Using Barsalou’s (1985) framework, for a
typicality measure to have construct validity, we would expect it to reflect:
1) Distance from central tendency, which is similar to Rosch's “family
resemblance”.
2) Frequency of instantiations, which is how commonly participants indicated an
item occurs and is thus related to familiarity.
3) The manifestation of category ideals, which refer to the degree to which an
object accomplishes a goal or objective of the concept of interest. For example, a chair
that is more able to allow for sitting would be considered more typical. This aspect
introduces a crucial aspect of typicality which concerns itself with not just the physical
attributes of an object but also how those attributes relate to its perceived utility.
Considering the previous example of electronic devices, the ability of these devices to
accomplish their tasks and how these tasks change overtime offer a strong argument for
ideals as a factor in determining typicality.

11

If typicality should be treated as a multidimensional construct, how can it be
assessed in a design setting? In most design research, it is common to use ratings scales
to measure a number of subjective attributes of products. Some of these attributes
appear, logically, to map onto Barsalou’s components of typicality. As noted above,
“familiarity” ratings might capture “frequency of instantiation,” “usability” might
overlap with the “ideal” component, and “visual similarity” might stand in for “family
resemblance.” Does the inclusion of these measures add to the validity and utility of a
“typicality” response scale alone? Before we turn to enhance the unidimensional
typicality scale used in most research, however, we need to address why typicality might
be a product attribute that can help designers make better design decisions.
Typicality and Product Design
For those who design consumer products, a central goal is to design a product
that is familiar enough to be recognizable as a member of its product category, yet
novel enough to differentiate itself from competitors and be aesthetically pleasing
(Hancock, Pepe, & Murphy, 2005; Hekkert, Snelders, & Van Wieringen, 2003; Hekkert &
Wieringen, 1990). One potent way to achieve these goals is to carefully characterize and
manipulate the typicality of members of a product class. For instance, typicality has
been shown to be a strong manipulator of aesthetic response where more typical
objects are rated as significantly more visually appealing than less typical objects
(Martindale, Moore, & West, 1988; Palmer, Schloss, & Sammartino, 2013; Reber,
Schwarz, & Winkielman, 2004). Kent, Carswell, Lee, and Sublette (2017) performed a
study in which participants rated the visual appeal of abstract line drawings. Prior to
seeing the drawing, they were told to expect the drawing to be of a product from a
12

specific class (i.e., either a building’s façade or a control panel). Participants found the
same line drawings more appealing when the drawings better matches their
expectations of the product class for which they were primed. In other words, more
typical examples of a category were more appealing.
Typicality can also have an impact on how users interact with and use products.
Products and objects that are high in typicality tend to facilitate performance. For
example, more typical webpages have significantly lower search times and fixation
durations while also being more accurately recalled (Heinz, Linxen, Tuch, Fraßeck, &
Opwis, 2016; Tuch, Presslaber, StöCklin, Opwis, & Bargas-Avila, 2012). Typicality can
have other effects on performance as well. For instance, typicality also affects
identification of objects and their learnability (Mervis, Catlin, & Rosch, 1976; G. L.
Murphy & Brownell, 1985; Smith, Balzano, & Walker, 1978).
It appears, then, that for product designers and user experience researchers,
understanding and increasing a product’s typicality can offer strategic benefits such as
reducing the cognitive cost (i.e., workload) of using the product. However, sometimes
designers might want to reduce the typicality of their product, too. Consider a
hypothetical example of a product team that is tasked with creating a wristwatch. They
have been instructed to design a watch that has the potential to reach an untapped
segment of the market, where their competitors are not currently operating. One way
they might accomplish this is to ascertain the typicality of their competitor’s products
and determine if there is a space that they could then occupy. Figure 4 may, for
instance, represent a simplified analysis of competitors' products along a continuum of
13

typicality, where the leftmost product is seen as most typical. The designers might try to
identify a potential gap that could be filled, in this case between a product that is an
outlier on the continuum and the cluster of products seen by consumers as more typical

Figure 4. Potential typicality continuum of a set of wristwatches.

In sum, for product teams attempting to design successful objects for
consumers, having a good understanding of typicality can offer a number of benefits.
However, how to accurately assess typicality, especially in an applied setting, has not to
our knowledge been addressed. Is prompting the research participants with a single
unidimensional typicality rating sufficient? This has been the practice of most traditional
cognitive science studies of typicality (G. Murphy, 2004; E. H. Rosch, 1973b). Or is there
an advantage to using a multivariate approach, either one that is derived from theories
of concept processing such as Barsalou’s (1985) or from exploratory analysis of typicality
ratings using multidimensional scaling? Furthermore, and of central importance, do any
of the metrics we might derive for typicality actually have predictive validity for
outcomes of immediate concern to product designers? And as part of a global
evaluation of the utility of typicality assessment for product design, do the design
professionals themselves find the typicality metrics easy to interpret and useful? Finally,
14

do the measures actually support better design decisions and prevent designers from
committing decision errors?
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Chapter 3: On Determining the Typicality of Products
Criteria for Evaluating Typicality Measures
If knowledge about the typicality of specific product is to be used to help guide
development of new products, there must be a standard way of assessing typicality. In
this section, we describe several possible assessment methods and our current state of
research on the utility of each. In describing typicality measurement approaches, it is
useful to ask whether each meets a set of psychometric and usability criteria. In other
words, what are the characteristics of a “good” typicality measure? One set of criteria
used in the human factors engineering literature was originally described by O’Donnell
and Eggermeir (1986) as a way to compare methods of measuring mental workload.
According to the O’Donnell and Eggermeir criteria, a good measure for use in an
engineering/design context should have the following characteristics. Note that these
descriptions have been altered slightly to fit the current focus on typicality rather than
workload:
•

Sensitivity: capacity of the measure to detect small differences in the
construct of interest, i.e., a rating scale with seven points has the
potential to be more sensitive than a scale with three points. Note that
this definition is not the same as the definition commonly used in the
psychometrics literature where sensitivity refers to the accuracy with
which a test classifies specific cases (Furr, 2017).

•

Diagnosticity: capacity of a measure to detect different components that
influence typicality. e.g., a measure is able to determine that color is
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more impactful than shape in contributing to a person’s mental concept
of typicality for a particular product class. Returning to the three-part
definition of prototypes, offered by Barsalou (1985), a diagnostic
measure might distinguish between family resemblance (i.e., similarity to
other category members), frequency of instantiation (i.e., familiarity),
and ideal qualities (e.g., usability, usefulness).
•

Validity: the degree to which a measure is related to or predictive of a
certain outcome, otherwise known as criterion-related validity in the
psychometric literature (Furr, 2017). In the case of typicality, this might
mean it's ability to predict, for example, visual appeal, learnability,
consumer choice, and consumer valuation.

•

Reliability: How consistently the measure obtains similar result(s) under
similar circumstances.

•

Implementation requirements: the resources needed to utilize the
measurement procedure (e.g., software requirements, training, time).

•

Practitioner acceptance: How valid and useful the practitioners perceive
the assessment to be. The actual value designers see in using the
measure; what "extra" information they believe it will it give them during
the design process.

We first describe the “legacy” or standard unidimensional scale used for
measuring typicality, and then turn to potential enhancements of this method meant to
increase the potential diagnosticity and validity of typicality assessments.
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Legacy Typicality Rating Scale
Background
Perhaps the most common tool in many areas of psychology and in user research
is the rating scale. A rating scale is simply a procedure for collecting subjective
evaluations where an individual responds to an explicit prompt regarding the magnitude
of the target construct. These responses can be anchored to ordered verbal
descriptions, such as "strongly agree," “somewhat agree,” etc. Or, the responses can be
numeric values, for example, when a participant selects a '2' out of a maximum possible
'7' to indicate the magnitude of the construct. A participant can also make an analog
response, for example moving a slider up or down in an amount that represents their
experienced magnitude of the target construct. In practice, a combination of these
methods is used, for example, with visible numbers changing as a person moves a slider
up or down. These scales can come in many forms but commonly, they are unipolar
with five discrete points or bipolar with seven discrete points.
Numeric ratings scales have been widely used in typicality research. For instance,
in the seminal work on mental prototypes, E. H. Rosch (1973b) utilized rating scales to
determine how participants categorized various objects. Participants were asked to rate
how good of an example a particular object was for a given category on a scale from 1 to
7. This method for assessing peoples’ categorization performance has been widely and
consistently used (Barsalou, 1985; Bjorklund & Thompson, 1983; Lynch, Coley, & Medin,
2000; Uyeda & Mandler, 1980).
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Advantages and Disadvantages
Perhaps the biggest benefit of the single, Likert style rating scale for typicality is
its ease of implementation and its familiarity among both researchers and participants.
It is very similar to rating scales frequently utilized for the analysis of “sentiment” by
marketing researchers, such as the Net Promoter Score (NPS). Thus, due to its
familiarity, the legacy rating scales requires little to no instruction for the participant.
Likewise, the legacy scale is very simple to implement and analyze, requiring little to no
specialized software or data analysis programs, although such programs are readily
available (e.g., Qualtrics). For these reasons, practitioner acceptance of a
unidimensional rating scale for the assessment of typicality is likely to be very high.
Additionally, the legacy typicality rating scale can be adapted based on the
specific research being conducted to potentially alter its sensitivity. That is, the
researcher can simply modify the number of response points on the scale. In some
cases, this may lead to enhanced sensitivity, although sensitive will always be
constrained by the respondent’s “bandwidth,” their ability to meaningfully and
consistently associate their own subjective experience with response levels.
Still, there are several unknowns and downsides to the legacy typicality scale.
First, it is unknown how well the legacy typicality scale will predict consumers’ product
choices, the scale’s criterion-related validity. We attempt to answer this question in
Phase 1 of this research. A second issue we address in the first phase is whether
typicality is adequately captured by a unidimensional scale, such as the legacy scale. The
legacy typicality scale is very low in its diagnostic ability to detect underlying
components of typicality. Thus, we ask whether a three-attribute scale based on
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Barsalou’s three-part model of prototypicality can identify aspects of typicality that may
vary in different ways across different product designs. We also look at whether
typicality shows evidence of being a multidimensional construct based on the outcomes
of a multidimensional scaling of the legacy rating scale.
Lastly, in the second of our two studies, we address user acceptance of typicality
data. Although we anticipate high acceptance among subject matter experts (SMEs) for
the legacy typicality, it remains unknown precisely how valuably design experts believe
it is when making actual design decisions. Further, we will compare acceptance of the
legacy scale with the results of alternative approaches described below.

Multiattribute Typicality Rating Scale
Background
A slightly different method for researching typicality is to utilize multiple rating
scales, prompting the respondent to make a series of related ratings. If a construct is
multidimensional, as we have postulated typicality to be, using multiple rating scales
could be an effective way for a researcher to better understand and potentially
manipulate the construct of interest. This common measurement strategy in many areas
of psychology. For example, human factors researchers are often interested in
measuring the subjective workload experienced by a person when he or she uses a
particular product or perform a particular task. The workload construct has been
decomposed into attributes such as mental demand, physical demand, and time
pressure. Such attributes can be individually rated by research participants and their
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ratings can be combined into a global workload score (e.g., the NASA Task Load Index,
(Hart & Staveland, 1988).
Advantages and Disadvantages
In general, the advantages and disadvantages of multiattribute scales are
twofold – increased diagnosticity and increased reliability compared to unidimensional
ratings. As stated previously, the biggest drawback to the legacy typicality scale is that it
assumes that typicality is a unidimensional construct (or that one rating scale is
sufficient to accurately measure it). Utilizing multiple, distinct rating scales can offer
diagnosticity to a researcher, as long as the component rating dissociate at least
occasionally across to-be-assessed items. If the components are too strongly correlated,
the diagnostic value of a multiattribute scale is lost.
Apart from diagnosticity, there is another advantage of using multiple scales to
assess a single construct. When multiple scales are combined into a composite score,
the resulting score is often more reliable than a rating obtained from a single scale (Bell
& Lumsden, 1980; Lord & Novick, 2008). Reliability is an important psychometric
property of an assessment instrument because it limits the assessment’s ultimate
validity.
However, utilizing multiple scales to measure one construct has its downsides.
First, the construct in question needs to actually be multidimensional in order to gain
diagnosticity. Second, depending on how many additional scales are required to
adequately measure a construct, feasibility becomes an issue at scale. Consider, a
product team attempting to measure dozens of designs on their perceived typicality.
Measuring 36 designs using the legacy scale would require only 36 responses from each
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participant. However, 108 responses would be required if the same designs were rated
on a modest 3-attribute scale, the sort of scale that would result from the application of
Barsalou’s (1985) definition of prototypes to the measurement of typicality. More
required ratings by participants increases the likelihood of decision fatigue, random
responding, and missing data (Bell & Lumsden, 1980). Requiring more responses from
participants also increases time and resourcing to complete the assessment. this
number would at least triple (depending if the researchers want to be redundant and
also use the legacy scale) and require 108 responses from participants and thus creating
decision fatigue and increasing time and resourcing to complete.
In our initial study, we evaluate the potential benefits of a multiattribute
typicality scale comprised of three subscales, each of which reflects one of the three
properties of prototype proposed by Barsalou (1985). Specifically, we look at whether
the covariance structure supports a multidimensional definition of typicality. In addition,
we compare the criterion-related validity of the legacy typicality scale to that of the
composite typicality score formed from the three subscale ratings. These analyses seek
to answer. The central question of whether a single-scale measure is sufficient for the
application measurements to a design context.

Multidimensional Scaling (MDS) of Typicality Ratings
Background
The development and use of multiattribute scales, described above, assumes
that the components of a multidimensional construct are known in advance. However,
this prerequisite may often not be met. Researchers may not even be sure whether a
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construct is best described as unidimensional or multidimensional. Multidimensional
scaling (MDS) is a technique that helps uncover the underlying structure of
psychological concepts and categories. MDS is a method first proposed by Torgerson
(1952) and has been used to research a number of issues in cognitive psychology such as
analogical reasoning (Rumelhart & Abrahamson, 1973), free recall (Shepard, 1972), as
well as in Human Factors domains (Bobko, Bobko, & Davis, 1984; Kleiss, 1995). MDS has
also been used to determine the strategies consumers utilize when ascertaining how
“usable” a given product may be (Sublette, 2017). In the current studies, we apply MDS
to typicality ratings obtained from the legacy scale.
A beneficial output of MDS as an overall method is in the way it displays the
relationship among items being measured. These items, depending on the number of
dimensions that best represent the data, can be plotted on a Euclidian space by
mapping similarity/dissimilarity judgments to closeness/distance in physical space. For
instance, using MDS for consumers’ perceptions of chairs might reveal that their
judgements of the relationship among chairs is based primarily on two dimensions –
perceived usability and “cushion-ness.” These dimensions are mapped to the horizontal
axes of the MDS plot.
Knowing the fundamental dimensions of a product category can be very helpful
beneficial to a potential product designer or user researcher. Imagine a product team
attempting to design a new consumer product. This product team may wish to design a
novel product unlike its potential competitors. It would be beneficial to ascertain the

23

dimensions by which consumers rate these products as typical or atypical. In other
words, what characteristics determine typicality?
The traditional procedure for obtaining data that can be analyzed through MDS
involves having participants rate the similarity (or dissimilarity) of items within a
category (for instance chairs). Human Factors work often uses a more rapid procedure
called “card sorts” (Benyon et al., 1994) where similarity ratings are derived from the
number of times items are placed in the same or different categories. In the present
study, we instead generated a "card sort" from ratings; classifying all products given the
same rating were considered part of the same sorted group. Dissimilarity scores were
derived by computing the difference between the typicality ratings of pairs of items.
Advantages and Disadvantages
Because MDS is simply a method of analysis rather than a data collection
method, its psychometric properties are constrained by the limitation of the data
collection instruments. As stated previously, it is common for data to be collected using
rating scales or card sorts. In the present studies, we use ratings from the legacy
typicality scale as input for MDS. MDS adds value mainly by enhancing the diagnosticity
of the ratings scale data; it can discern multiple contributing sources to the construct in
question. Furthermore, MDS is mainly an exploratory rather than confirmatory
approach, meaning that in the current context, MDS provides data visualizations that
can support hypothesis generation about typicality’s underlying conceptual structure.
Because MDS is not without its drawbacks, however. Most notably, MDS is an
added method of analysis on top of the efforts required to collect the data from
response scales and, as such, requires more time and effort. Additionally, conducting an
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MDS analysis requires not only specialized software such as SPSS, but also requires
advanced statistical training and knowledge that many design practitioners do not have.
Finally, the interpretation of MDS results is less structured than data that can be
submitted to routine inferential statistical tests. MDS interpretation requires qualitative
in addition to quantitative reasoning. While MDS may reveal the number of attributes or
dimensions underlying participants’ judgements about a given construct, MDS does not
specify the meaning of any of the dimensions it uncovers. The receptivity of designers
and design researchers to MDS data is currently unknown.
As part of our first study, MDS was conducted on legacy typicality ratings. The
MDS plots obtained from Study 1 were then provided to SMEs in the second study to
use and evaluate as they make product design decisions.
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Chapter 4: Examining Typicality as a Construct (Approach and Methods)
This project can be summarized as having two major goals -- 1) to explore the
validity of possible typicality metrics with respect to both their covariance structure and
the accuracy of their predictions of consumer preferences, and 2) to explore the
acceptance and deployment of typicality measures by actual subject matter experts
(SMEs) in the field of product design. In this chapter, we describe our approach to the
first of these questions. We attempted to better understand the construct validity and
the criterion-related validity of the legacy typicality measure used in previous typicality
research (e.g., “how good an example…”). Construct validity was explored specifically to
determine whether typicality could be treated as a unidimensional construct, or
whether it appeared to require a multidimensional framework. With respect to
criterion-related validity, we looked at how well the legacy scale ratings, alone or in
combination with ratings of familiarity, usability, and visual similarity, predicted
consumer choices of the designs based on their perceptions of visual appeal and
prestige.
Experimental Design
To test for criterion-related validity, we used a predictive validity design.
Participants were randomly assigned to one of 2 groups, the Ratings Group (Group 1) or
the Product Choice Group (Group 2). In Group 1, participants were further randomly
assigned to make ratings of products from one of two product classes – “drinkware” or
“wristwatches”. Participants assigned to Group 2 were presented with the same
collection of products. However, they were faced with a different task. Instead of rating
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each product, they selected the most and least visually appealing products from each
product class. Likewise, they were asked to select the most and least prestigious
products. Ratings of typicality, familiarity, usability, and visual similarity from Group 1
were then used to predict selections by Group 2.
In addition to being used as predictors, the ratings from Group 1 were used for
more detailed analysis of the dimensionality of the typicality construct. We calculated
the inter-correlation of the legacy typicality ratings and the three rating scales derived
from Barsalou’s framework (familiarity, usability, visual similarity). These data were used
as the basis for a principal components analysis to determine whether the four variables
could be reduced to a smaller number of component dimensions. Finally, we used the
legacy rating data to perform a multidimensional scaling to determine whether we could
uncover other dimensions of typicality. The overall design is summarized in Figure 5.

Group 1: Ratings
- Typicality
-Visual Similarity
- Familiarity
- Perceived Usability

Group 2: Choices
- Most/Least Visually
Appealing
- Most/Least Prestigious

Figure 5. Procedure for Groups 1 & 2 in the first study

Participants
Based on previous typicality research utilizing similar methodologies, a sample of
375 participants was utilized for this study. Participants in Part 1 were recruited using
Amazon Mechanical Turk (MTurk). Inclusion criteria included participants residing in the
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United States to ensure homogeneity of exposure to the product class. Participants
were also only recruited if they had a 90% or higher MTurk survey completion rate,
were over eighteen years of age, and had not participated in similar prior studies
conducted by the researcher.
Stimuli
Participants were randomly assigned to evaluate either 20 examples of
drinkware or 20 wristwatches (see Appendix C). Stimuli were selected using the
following requirements: First, visual appeal and prestige should be important factors in
potential buying choices for both product classes. Accordingly, both product classes
should include members that are representative of the variation naturally found in
these categories (i.e., are representative of the range found in stores and online
shopping sites). Second, drinkware and watches could be considered status items, in
that these objects can sometimes be expensive or even used as heirlooms (Rolex watch,
crystal champagne flutes). There have been instances in which typicality has been
shown to have an inverse relationship with objects related to or associated with
prestige(Ward & Loken, 1988). Third, each product class offers a different set of
functionalities with no overlap. Additionally, watches offer more use cases than
drinkware. Finally, watches and glasses were selected because they differ in how easily
a viewer can judge usability/functionality based on visual inspection alone. Compared to
glasses, watches may offer hidden or more complex use cases that may not be easily
detectable.
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Procedure
Rating Procedure. Participants in Group 1 rated each stimulus in their assigned
product category (drinkware or watches) using a 7-point rating scale with anchors of
“not at all [attribute name]/extremely [attribute name]” (refer to Table 1 for list of
attributes and prompts). While there is support for scales utilizing more response levels
(Lundmark, Gilljam, & Dahlberg, 2015) and fewer response levels (Rodgers, Andrews, &
Regula Herzog, 1992), 7-point scales were chosen because they have been used most
often in the prototype/typicality literature (Barsalou, 1985; Lynch et al., 2000; E. Rosch,
1999; E. H. Rosch, 1973b). Prior to rating the stimuli of interest, the participants in
Group 1 took part in a block of trials that served as training. For the training trials,
participants rated products of the category they were not randomly assigned to. For
example, participants assigned to the glassware group rated watches during training.
After training, participants proceeded with four blocks of trials. In each block,
participants used one of the four typicality-related attributes to make ratings on all 20
images of drinkware or watches. The order of the stimuli within blocks, and the order of
blocks (type of ratings) were randomized for each participant.
Table 1. Theoretical Attributes and Corresponding Participant Scale Prompts

Theoretical Components of Typicality and Example Prompts to Participants
Theoretical Components

Example Scale Prompt

Typicality (Legacy Scale)

How good of an example is this item of the category
“drinkware”?
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Table 1 (continued)

Familiarity/ Frequency of

How familiar is this particular example of drinkware?

Instantiation
Visual Similarity / Family

How visually similar is this item to other examples of

Resemblance

drinkware?

Perceived Usability / Ideals

How usable does this example of drinkware appear
to you?

Product Choice Procedure. One hundred fifty participants were recruited for
Group 2. They encountered the same set of stimuli as Group 1; however, all 20 products
in a category were all displayed simultaneously. The participants were tasked with
selecting the three products they considered the least visually appealing as well as the
three that seemed the most visually appealing. These participants repeated their
selections for the least and most prestigious items. Unlike Group 1 participants, Group 2
participants provided responses for both glassware and watches. The selection task was
utilized for two reasons. First, this “off the shelf” method attempts to replicate
consumers' real-life experiences when choosing products to purchase, whether in a
brick-and-mortar store or online. That is, they were faced with the choices made when
eliminating (least preferred) and narrowing down (most preferred) product alternatives
when making a final purchasing decision.
Analysis
Rating Scales. The analytic strategy we adopted focused on generating a set of
measures from the ratings data that could be predictors of Group 2’s choice behavior.
As part of this data reduction, we also had the opportunity to evaluate whether the
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legacy typicality scale reflects the three-part model of prototypes. If all measures were
strongly associated with one another, we would create a composite score to test against
the legacy ratings. Additionally, MDS was conducted on similarity data derived from the
legacy rating scale. Here, we were able to see whether new dimensions descriptive of
typicality, other than the three we directly probed with rating scales, emerged. Data
from all ratings scales were summarized across participants to generate a mean rating
for each of the 20 products in a category. These summarized data were used to
generate a covariance matrix to describe the extent of overlap among the ratings. The
covariance structure was also analyzed using principal components analysis to
determine how, or whether, some of the ratings can be combined into a composite
score. The legacy scale and any composite scales were used to predict Group 2's
choices. We can therefore determine whether the overall traditional typicality rating
does a better job of predicting choice performance (based on visual appeal and prestige)
than do any of the other rated attributes.
Multidimensional Scaling (MDS). Regardless of whether multiple dimensions are
revealed from the analysis of covariance structure of the various rating scales, we
conducted a multidimensional scaling (MDS) analysis to determine whether there were
dimensions that emerged from the simple legacy ratings, despite not being able to
specify them a priori. To conduct the MDS, each participant’s ratings of stimulus
typicality from the legacy scale were transformed into similarity scores that can be
mapped onto a multi-dimensional Euclidian space. The similarity scores are determined
by obtaining the difference between ratings of all possible pairs of stimuli for each
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participant. In the mapped "similarity space," the more similar stimuli are located closer
together than dissimilar ones. This similarity map can be used to display the clusters of
stimuli that emerge, as well as the significant attributes that participants may use in
their judgements of typicality.
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Chapter 5: Examining Typicality as a Construct (Results and Discussion)
As discussed previously, the construct of typicality can be a potent tool for
designers to utilize when creating consumer products. However, most research on the
effects of typicality, especially research on product design and user experience, has
utilized a unidimensional approach to the construct. We argue that it might be
beneficial for researchers to measure typicality as a multidimensional construct, rather
than as a unidimensional one, as doing so could leverage several benefits to a product
design team.
First, if typicality is in fact multidimensional, and if the subcomponents are not
too tightly correlated with one another, design teams could use these subcomponents
to diagnose which dimension is hindering the overall perception of typicality. For
instance, if a design team wants to make a product seem more typical, they might focus
their attention on making the product appear more usable, should this dimension be
rated low. Or, perhaps a product’s typicality could be low because the product is rated
as “unfamiliar”. This could inform the strategy for a marketing campaign in order to
increase consumers’ familiarity with the product. The exact design intervention would
depend on the combination of perceptions of the subcomponents (e.g., usability,
familiarity, and visual similarity) and the intention of the design team to create an object
that is typical of its product class or, instead, something more novel.
A second potential advantage of measuring typicality with multiple
subcomponents is a possible increase in the validity and reliability of the typicality
metric. Even if subcomponents are highly redundant, we might still see each
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subcomponent as a different way to describe the same overall construct to participants.
The separate scales, in this case, serve as different items in a composite measure of
typicality: Familiarity + Usability + Similarity = Typicality. The composite measure may
prove to be more reliable than a single rating scale, a finding supported by psychometric
research for the measurement of other constructs (Piedmont & Hyland, 1993).

Criterion Related Validity of the Legacy Unidimensional Typicality Scale
A question central to the use of typicality measures in design contexts is, “what
does typicality predict?” Here, we look at whether the legacy unidimensional scale for
typicality predicts consumer choices based on their perceptions of a product’s visual
appeal and prestige. To answer this question, a correlational analysis was conducted. As
can be seen in Table 2, typicality did not reliably predict consumers selections of the
most visually appealing or most prestigious items, in either glassware or watches.
However, typicality was a reliable predictor of what consumers perceived to be the least
visually appealing and least prestigious glassware. It was also a reliable predictor of the
least appealing watches, but not the least prestigious ones. In general, as typicality
ratings decreased, the likelihood that a design would be selected as ‘least’ (appealing or
prestigious) increased. In practical terms, typicality was shown to be a reliable “warning
sign,” such that if an object was rated low in a typicality rating, this could be an indicator
that it will be perceived negatively by consumers. While it would certainly be valuable
for designers to know exactly which design will receive the best reactions from
consumers, it is also important for them to know which designs to avoid. However,
because typicality did not reliably predict prestige judgements for both products classes,
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we cannot conclude based on these data that avoiding atypical products is a general
principle for designing products that appear prestigious and appealing.
Table 2. Correlation of Typicality with Design Outcomes

Correlation of Typicality with Frequency of Selection by Consumers for Glassware and
Watches
Most Visually
Least Visually
Most
Least
Appealing
Appealing
Prestigious
Prestigious
Typicality
r= -.215, p>.05
r= -.581**,
r= -.089, p>.05
r= -.449*,
Ratings of
p<.01
p<.05
Glassware
Typicality
Ratings in
Watches

r= .150, p>.05

r= -.805**,
p<.01

r= .205, p>.05

r= -.239, p>.05

Diagnosticity and Criterion-Related Validity of a Multidimensional Measure of
Typicality
Building off the previous results of typicality as a predictor of consumer
judgements of visual appeal and prestige, an additional correlational analysis was
conducted that also included the theorized subcomponents of typicality (i.e., similarity,
usability, and familiarity). This analysis looked at the extent of the redundancy among
these attributes, and sought to determine if creating a composite typicality measure
from the three attribute ratings led to an enhancement of criterion-related validity.
separately analyzing perceptions of visual similarity, usability, and familiarity, from
typicality, added any diagnostic or increased criterion related validity.
As can be seen in Tables 3 and 4, the subcomponent ratings were strongly
correlated with one another and with typicality. Not surprisingly, a principal
components analysis conducted on participants’ ratings revealed that the data could be
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adequately described by a single component. As can be seen in Figures 6 and 7, this
“single component solution” held for both glassware and watches. Therefore, there was
no evidence to support the use of any measures in addition to the legacy
unidimensional typicality scale when assessing perceptions of typicality in consumer
products.
Table 3. Correlation of Typicality, Visual Similarity, Familiarity, and Usability in Glassware

Correlation of Typicality with Theoretical Attributes in Glassware
Visual Similarity
Familiarity
Typicality
r=.985**, p<.01
r=.959**, p<.01
Visual Similarity
r=.979**, p<.01
Familiarity
Usability

Usability
r=.965**, p<.01
r=.966**, p<.01
r=.919**, p<.01
-

Table 4. Correlation of Typicality, Visual Similarity, Familiarity, and Usability in Watches

Correlation of Typicality with Theoretical Attributes in Watches
Visual Similarity
Familiarity
Typicality
r=.993**, p<.01
r=.993**, p<.01
Visual Similarity
r=.993**, p<.01
Familiarity
Usability
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Usability
r=.976**, p<.01
r=.967**, p<.01
r=.980**, p<.01
-

Figure 6. Principal Components Analysis Scree Plot for Glassware

Figure 7. Principal Components Analysis Scree Plot for Watches

The principal components analysis did not support the hypothesis that the threepart definition pf prototypicality (Barsalou, 1985) extends to the measurement of
typicality in our context. The ratings of the individual attributes were highly redundant.
Thus, they did not provide the diagnosticity we originally anticipated. Still, the threecomponent measurement of typicality, if used to create a composite typicality scale,
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might increase criterion-related validity over that obtained by the legacy scale alone.
This possible advantage comes from the relationship between the number of valid items
contributing to an overall score and the reliability of that score, as described in Chapter
2 (Bell & Lumsden, 1980; Lord & Novick, 2008).
To see if a composite scale score could outperform the legacy typicality scale, we
first created a composite score by summing the similarity, usability, and familiarity
ratings of each respondent. This composite score was then correlated with the outcome
measures of Group 2 (i.e., the frequency of each object in a class being selected as more
(or least) prestigious and most (or least) visually appealing). The results are shown in
Tables 5 and 6 with the correlations found for the legacy scale. Here, the composite
scale did not, with one exception, outperform the legacy typicality scale in predicting
consumer choices in products. As expected, the composite scale did not do any better at
predicting “good” outcome measures of visual appeal or prestigiousness in either
glasses or watches. Similarly, the composite score was not a significantly better
predictor of the frequency by which participants selected products to be the least
visually appealing or least prestigious, with the exception of “least visually appealing” in
glassware. Here, the composite score had a stronger association with least visually
appealing glassware than the legacy typicality score (r=-.631 vs r=-.581 respectfully).
This stronger association resulted in the composite score being significant at the .01
level rather than the .05 level for the legacy scale. In summary, while the composite
scale does provide more confidence in predicting “warning sign” design outcomes than
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the legacy typicality scale, the additional effort and scaling of such an approach likely
does not warrant it’s use over the single legacy scale. Doesn’t scale.
Table 5. Correlation of Typicality and Composite Score with Design Outcomes in Glassware

Correlation of Typicality and Composite Score with Design Outcomes in Glassware
Composite Typicality Most
Least
Most
Least
Score
Score
Visually
Visually
Prestigious Prestigious
Appealing Appealing
Composite
Score
Typicality
Score

r=.976**,
p<.01

-

Most
Prestigious

r=-.068,
p>.05

r=-.089,
p>.05

-

Least
Prestigious

r=-.487*,
p<.05

r=-.449*,
p<.05

r=.-369,
p>.05

-

Most
Visually
Appealing

r=-.047,
p>.05

r=.-.215,
p>.05

r=.797**,
p<.01

r=.-313,
p>.05

-

Least
Visually
Appealing

r=-.631**,
p<.01

r=-.581*,
p<.01

r=-.302,
p>.05

r=.956**,
p<.05

r=-.291,
p>.05

-

Table 6. Correlation of Typicality and Composite Score with Design Outcomes in Watches

Correlation of Typicality and Composite Score with Design Outcomes in Watches
Composite Typicality Most
Least
Most
Least
Score
Score
Visually
Visually
Prestigious Prestigious
Appealing Appealing
Composite
Score
Typicality
Score
Most
Prestigious

r=.998**,
p<.01

-

r=.209,
p>.05

r=.205,
p>.05

-
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Table 6 (continued)

Least
Prestigious
Most
Visually
Appealing
Least
Visually
Appealing

r=-.239,
p>.05

r=-.239,
p>.05

r=.-389,
p>.05

-

r=.155,
p>.05

r=.150,
p>.05

r=.822**,
p<.01

r=.-389,
p>.05

-

r=-.806**,
p<.01

r=.805**,
p<.01

r=-.321,
p>.05

r=.628**,
p<.05

r=-.300,
p>.05

-

However, these results do some with their own limitations and cautions to
generalizability. Our results do not invalidate the Barsalou conception of prototypes and
typicality. We did not systematically try to manipulate our stimuli to create dissociations
among the subcomponents. For example, we did not create a drinking glass that was
high on familiarity but low on usability, or a watch that appeared to be usable but was
visually dissimilar to other watches. Even so, our stimulus selections were taken from
actual products and shows that in a practical sense (i.e., for readily available products in
our two product domains) the three subcomponents often, if not always strongly
overlap with one another.

Evidence for Typicality as a Multidimensional Construct
Even though the theoretical subcomponents of typicality derived from Barsalou
(1985) conception of prototypes did not seem to provide additional information beyond
that provided by a single, global rating of typicality, we sought to determine if there was
other evidence that typicality might be multidimensional. This exploration was based on
results of a multidimensional scaling procedure. As can be seen in Figures 8 and 9, both
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glassware and watches appear to require a 2-dimensional solution to adequately
describe the similarity space created from the legacy ratings. This can be seen by
observing the “elbow” in the Scree Plots. Here, the greatest reduction in “stress” in each
model results when using two dimensions rather than one or more than two.

Figure 8. MDS Scree Plot for Glassware

Figure 9. MDS Scree Plot for Watches

With typicality being best represented using two dimensions, both the drinkware
and watches can be plotted on a two-dimensional space or “map.” The map is a visual
representation of the objects within a product class as they relate to one another and
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their derived axes. As can be seen in Figures 10 and 11, it is likely that the horizontal
axis, in both figures, aligns with the legacy scale of typicality with more typical objects
on one end, and more atypical objects on the opposite end. However, the vertical axis,
the second dimension, is open to interpretation. Because follow-up investigations into
the multidimensionality of typicality, outside of the theoretical components proposed
by Barsalou, were not within the scope of this project, we are unable to definitively
determine what the second axis represents. We can speculate, however, that in both
product classes, the second dimension might be related to “visual complexity”. For
drinkware, the simpler designers, with fewer angles and fewer parts (such as stems) are
clustered near the top of the plot. For watches, more simple designs with no numbers or
complications on their faces seem to be placed together as well, although the simpler
items are clustered at the bottom of this plot. Watches with more complicated designs
and multiple dials are placed at the top. Does this mean that the concept of typicality is
related in some way to that of visual simplicity? Given the importance of simplicity in
visual perception more generally, for example the importance of simplicity in guiding
perceptual organization, the emergence of simplicity in a typicality space seems
plausible (van der Helm, 2015; Wertheimer, 1922).The seeming multidimensionality of
typicality with regard to consumer product perceptions, and the possible relationship
between simplicity and typicality is a potential area for future research endeavors.
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Figure 10. MDS Plot for Glassware

Figure 11. MDS Plot for Watches

43

Chapter 6: Use of Typicality by Design Professionals
The second portion of this project focused on the applied aspects and
implications from the first study. This section sought to answer two general questions.
First, when asked to make decisions about which product designs will be most visually
appealing and prestigious, do design professionals (i.e., subject matter experts, SMEs)
find more value in unidimensional or multidimensional presentations of typicality data.
This question addresses the acceptability of these two approaches to the end users of
the data. Second, how does the availability of typicality data affect the decision-making
quality and strategies of SMEs?

Method
Our approach to the second study was driven by demands for ecological validity.
The goal was to make sure the research outcomes from the first study were applicable
to SMEs in applied settings. With this goal in mind, we used a scenario-based data
collection strategy. In this approach, we attempted to simulate the decision0making
tasks faced by SMEs during the early stages of product development. Specifically, we
asked participants to imagine that they were members of a design team tasked with
developing a new instance of a product class (either a new glass or a new watch). They
were given design objectives: enhance the visual appeal of the new product as well as
its apparent prestige. The SMEs were given a set of currently available design options
and were asked which of these designs came closest to meeting the design objectives.
The entire scenario was presented in the context of an online survey. Typicality data
were gradually introduced to the SMEs as they made their selections, first with the
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presentation of unidimensional typicality ratings and then with the addition of the 2dimensional plots. They survey generated both measures of decision quality as a
function of data availability and measures of the SMEs’ attitudes about the utility of the
typicality data.
Experimental Design
The design for the survey was a mixed-factor design that utilized both between
groups and repeated measures components. There were two sets of repeated
measures. First, data presentation was comprised of three levels: no typicality data,
unidimensional typicality data (bar graphs of mean typicality ratings for each product
design), and multidimensional typicality data (presented as an MDS plot with cluster
analysis membership superimposed). The order of presentation of the typicality data
was fixed to simulate the simple-too complex order of data typically presented in
research briefings and reports. The second repeated measure was the judgement type
made by the SMEs: visual appeal judgements vs. prestige judgements. Here, the SMEs
would select the watch or glass that they believed would be the most visually appealing
or prestigious to consumers. Our between groups component was the random
assignment of participants to one of the two product classes: watches or glassware.
Lastly, participants were segmented by design role ex post facto -- designer, researcher,
or mixed -- based on a self-reported demographics question.
Outcome Variables
The survey was analyzed by measuring two outcomes -- subjective evaluation of
typicality data and decision-making performance of SMEs. The perceived utility of the
typicality data was measured by collecting overall preferences for unidimensional vs.
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multidimensional typicality data, and by collecting confidence ratings after each design
decision. Performance of SMEs was measured with two variables. SME’s accuracy at
predicting the most visually appealing and most prestigious product designs and SMEs’
ability to avoid critical errors in predictions. In addition, the self-reported decision
strategies of the SMEs were analyzed in a mainly descriptive/qualitative manner.
Participants
Participants were recruited by posting advertisements about the research study
in two professional design groups on Facebook. These groups were chosen to obtain a
range of roles, specifically groups that hosted both professionals in design and research
positions. In total, 97 participants were recruited, 29 researchers, 34 designers, and 18
who “Do design and research equally”. The mean experience of participants was 4.5
years with a range from 1-10 years. A breakdown of each role by assigned condition can
be seen in Table 8.
Table 7. Breakdown of Participants by Role, Condition, and Mean Years of Experience

Breakdown of Participants by Industry Role, Assigned Condition, and
Mean Years of Experience
Mean years of
Industry Role
Total n # in Glasses # in Watches experience
Researchers
29
14
15
5.2
Designers
“I do design
and research
equally”

34

18

16

4.7

16

8

8

5.1

Other

18

8

8

1.7
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Survey Design
As mentioned previously, the design for the survey was crafted so that it could
be used as a design scenario and followed the typical sequential presentation of design
objectives and data shown to a design team. The flow of the survey was as follows: First,
participants were introduced to the design problem and instructed that their design
objectives were to create designs that would be perceived as high in visual appeal and
prestige. Next, participants were presented with twenty current product designs (either
glassware or watches depending on their assigned condition). They were asked which of
the current designs they thought would be perceived by consumers as the most visually
appealing (Figure 12). They then repeated the selection but with the goal of determining
which design would be perceived as the most prestigious. Next, participants were
presented with the same twenty objects from their respective product class, but this
time the images were accompanied by the mean typicality ratings by obtained in the
earlier study (see Figure 13). After being presented with these data, the same design
decisions were performed. Lastly, participants were once more shown the twenty
designs, but now they were placed on an 2D MDS plot with cluster analysis membership
superimposed (Figure 14). Again, participants were prompted for their design decisions
on the most visually appealing and prestigious objects. After each decision, participants
were always asked to rate their confidence in their decisions they made and were
queried about the product attributes they used in making their decisions. After all
decisions were completed, they were asked which of the data types (unidimensional or
multidimensional) they found most useful, most easily interpreted, and overall which
they preferred.
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Figure 12. Example stimuli for the "No Typicality Data" condition

Figure 13. Example stimuli for the unidimensional typicality data condition
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Figure 14. Example stimuli for the multidimensional typicality data condition
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Chapter 7: Use of Typicality Data by Design Professionals (Results and
Discussion)
The results of the scenario-based survey descried in Chapter 5 were used to
address two general sets of questions. As mentioned previously, the first question was
whether SMEs found value in the typicality data provided to them when they were
faced with design decisions. Further, which of the two data types (unidimensional or
multidimensional) was perceived as more valuable? We describe the data relevant to
these questions before turning our attention to the question of whether the typicality
data actually helped the SMEs make more accurate judgements about the likely reaction
of consumers to product designs. To put it another way, we first looked at the SMEs’
beliefs about the utility of typicality data before looking at the actual benefit the
typicality data provided to the SMEs’ actual design decisions.

SMEs Subjective Evaluation of Typicality Data
To measure SMEs’ acceptance of and preferences for the different types of
typicality data provided to them, two sets of questions were asked of participants: in the
survey. The first set of questions addressed overall preference for either the
unidimensional or multidimensional data. The second set of questions addressed the
perceived value of the typicality data as manifested in SMEs’ confidence ratings in their
design judgements. Did the introduction of typicality data lead to greater confidence on
the part of SMEs?
Table 9 summarizes SMEs’ selections of which of the two types of typicality data
(unidimensional vs multidimensional) was more useful and more easily interpreted.
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They also indicated which type of data they preferred overall. As can be seen in Table 9,
the SMEs’ preferences were clear. A greater percentage of the SMEs preferred the
unidimensional data, regardless of the product they were judging or even the design
role by different SMEs in our sample (i.e., whether they were mainly researchers or
designers). Note that the preference data was collected at the very end of the session
and, thus, did not make distinctions between decision type (i.e., predictions about visual
appeal and prestige).
A chi-squared test of goodness of fit was performed to determine whether the
preference for unidimensional results was equally distributed amongst the SMEs by role
(researcher or designer) and product class (glassware or watches). Although the SMEs in
general favored the unidimensional data, their sentiment for the unidimensional results
was not equally distributed across product type and design role, X2 (3, N= 63) = 16.76,
p<.05), ease of use, X2 (3, N= 63) = 11.14, p<.05, and overall preference, X2 (3, N= 63) =
16.54, p<.05). In general, designers more strongly favored the unidimensional data than
did the researchers (except for ease-of-use sentiment for those rating watches).
Table 8. Sentiment Ratings for Unidimensional or Multidimensional Data by Role and Product
Category

Percentage of respondents that preferred unidimensional data over MDS/Cluster
Prompt
Product Category
Researchers
Designers
Glasses

85%

89%

Watches

73%

94%

Glasses

71%

94%

Watches

73%

69%

“More useful”

“Easier to
understand and
interpret”
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Table 8 (continued)

Overall
Preference

Glasses

79%

89%

Watches

80%

94%

There are several insights that these data suggest. First, there is the strong
preference of unidimensional typicality data across all prompts of usefulness, ease, and
overall preference. It is likely that unidimensional data is more common than
multidimensional data and as such SMEs, across both roles, had greater exposure to the
former. Indeed, the literature on aesthetic judgments shows that familiarity does
predict preference for visual stimuli (Palmer et al., 2013).Research on typicality effects
also show an advantage for performance with familiar formats (Heinz et al., 2016; Roth,
Tuch, Mekler, Bargas-Avila, & Opwis, 2013). However, we caution that the advantage for
the unidimensional ratings might be at least partially the result of an order effect.
Because SMEs were shown unidimensional data before the multidimensional data,
there was the perception of diminishing returns from the information extracted from
the multidimensional data graphic. However, the advantage for the unidimensional
legacy scale data was not limited to its perceived usefulness, which would be expected if
the SMEs were mainly responding to the amount of information conveyed. They
advantage also occurred for interpretability which, if anything, might be helped by
previous exposure to the same data. A between-groups comparison would need to be
conducted to disentangle the possible familiarity effects from possible order effects.
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Our SMEs were also prompted to respond with how confident they were after
each design choice they made (i.e., for using each desired design outcome – prestige or
appeal – after each data exposure). A 3X2 repeated-measures, mixed-factors ANOVA
was conducted to determine if typicality, product class, or design outcome had a
significant effect on SMEs confidence ratings. There was a reliable main effect of data
availability on SMEs’ confidence ratings (F{2,150}=3.51, p<.05), with multidimensional
typicality data resulting in the highest ratings of confidence (M=2.42, SD=1.08),
univariate second highest (M=2.34, SD=1.01), and no typicality data with the lowest
mean confidence (M=2.24, SD=1.10). There was no significant effect for product class
(F{1,150}=.154, p>.05) design outcome (F{1,75}=.186, p>.05) nor any of the interactions.
The availability of typicality data increased SMEs’ confidence in their design
decisions. However, this effect could be due to demand characteristics of the situation.
That is, SMEs might have felt that the additional data should have made them more
confident. Treating data type as a between-groups factor would help reduce the impact
of this potential experimental demand. Furthermore, although the SMEs became more
confident with more data availability, it does not follow that their actual performance
improved. The correlation between confidence ratings and actual performance is often
small or even negative (Dougherty, 2001; Soll, 1996). For this reason, we turn to an
analysis of the SMEs’ actual decision-making performance.
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Table 9. Mean SME Confidence Ratings by Data Availability, Product Class, Role, and Design
Outcome

Mean Confidence Ratings as a Function of Data Availability, Product Class, and Design
Outcome
Typicality Data
Product
Visual Appeal
Prestige
Presented
Class
Researchers Designers Researchers Designers
Glasses

2.93 (1.22)

1.83 (.76)

2.86 (1.55)

1.78 (.85)

Watches

2.73 (1.06)

1.81 (.95)

2.40 (1.20)

1.75 (.97)

Glasses

3.00 (.93)

2.00 (.67)

2.79 (1.26)

1.83 (.83)

Watches

2.73 (1.06)

1.81 (.81)

2.40 (.95)

1.81 (1.01)

Glasses

3.07 (1.10)

2.06 (.70)

2.86 (1.36)

2.06 (.78)

Watches

2.53 (1.15)

1.94 (.66)

2.47 (.96)

1.88 (1.05)

No Data

Unidimensional
Data

Multidimensional
Data

Performance of SMEs Using Typicality Data
The second set of analyses, described below, dealt with how SMEs use typicality
information in their design decision-making. Three questions were discussed. First, how
well did the SMEs do in predicting the visual appeal and prestige judgements of
consumers both initially (without typicality data) and after typicality data were
provided. Second, did the typicality data aid the SMEs in avoiding critical errors in
judgements of visual appeal and prestige? Recall that in Study 1, low typicality was
associated with a higher likelihood an item was selected as “least visually appealing”
and “least prestigious”. Thus, one use of typicality data is to show SMEs what choices to
avoid. The third and final question addressed the strategies that SMEs used in making
their judgements, whether accurate or inaccurate. The answer to this last question is
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gained through SME self-report of the attributes they believed were most related to
visual appeal and prestige.
Experts Success in Predicting Consumers’ Selections
A correlational analysis was conducted to determine the relationship between
experts’ selections of the most visually appealing and prestigious items and consumers
selections for both glassware and watches. As can be seen in Tables 14 and 15, all the
correlations between SMEs’ and consumers selections of glassware were positive and at
least marginally better than what would have been expected by chance. In particular,
the SMEs were good at selecting the glasses consumers thought were most prestigious.
However, the opposite relationship was seen for judgements made about watches.
Here, all the correlations between the selections of SMEs and those of consumers were
negative, although these findings were not statistically significant.
Table 10. Correlation of SME Prediction for Most Visually Appealing Objects by Consumers

Correlation Analysis of Experts Prediction of Most Visually Appealing Objects to
Consumers
Typicality Data Presented
Glasses
Watches
No Typicality Data

r=.429, (p=.059)

r=-.225, (p>.34)

Unidimensional Data

r=.551*, (p<.015)

r=-.158, (p>.50

Multidimensional Data

r=.418, (p=.067)

r=-.272, (p>.24)

Table 11. Correlation of SME Prediction for Most Prestigious Objects by Consumers

Correlation Analysis of Experts Prediction of Most Prestigious Objects to Consumers
Typicality Data Presented
Glasses
Watches
No Typicality Data

r=.87**, (p<.001)

55

r=-.188, (p>.42)

Unidimensional Data

r=.706**, (p<.01)

r=-.263, (p>.26)

Multidimensional Data

r=. 61**, (p<.005)

r=-. 156, (p>.51)

Correlation of Experts' Predictions of Most
Appealing Objects with Consumers' Selections
0.6

0.5

Correlation

0.4
0.3
0.2
0.1
0
-0.1
-0.2

-0.3
-0.4
No Typicality Data

Univariate Data
Glasses

MDS & Cluster Plot

Watches

Figure 15. Correlation of SME Prediction for Most Visually Appealing Objects by Consumers

Correlation of Experts' Predictions of Prestigious
Objects with Consumers' Selections
1

Correlation

0.8
0.6
0.4
0.2
0
-0.2
-0.4
No Typicality Data

Univariate Data

Glasses

MDS & Cluster Plot

Watches

Figure 16. Correlation of SME Prediction for Most Prestigious Objects by Consumers
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These results suggest several interesting conclusions. First, the accuracies of
expert’ predictions were a function of the type of product they were rating. All the
selections for glassware were more predictive than those for watches. This difference
could be due to the additional complexity of the design of watches compared to glasses.
Watches, overall, require more design choices than the glassware. For instance, a watch
may be digital or analog, have one or multiple dials, could be made of several materials
or colors, and may perform a variety of functions. Each of these design choices could
have introduced variability into the experts’ selection strategies, especially if different
SMEs had different implicit design goals in addition to the ones made explicit in the
survey’s instructions. Second, all of the SMEs’ selections of watches were negatively
correlated with the selections made by consumers. That is, those watches the SMEs
thought were most likely to be selected by consumers were actually slightly less likely to
be chosen. For comparison, ratings of typicality, while not significantly correlated, were
at least positively correlated with consumers selections of most prestigious and visually
appealing. Third, in glassware, experts were better at predicting the most prestigious
objects than they were at predicting the most visually appealing objects. It is not
immediately obvious why prestige was the easier outcome for SMEs to predict. There
could have been a specific design attribute or use case that experts were able to
associate with prestige. For example, a glass for drinking an expensive beverage such as
champagne might be considered more prestigious than one designed for drinking beer
or water.
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Lastly, the accuracy of experts’ predictions of the most visually appealing and
prestigious items were not clearly affected by the introduction of typicality data, either
unidimensional or multidimensional. This is to say that as experts were given data about
ratings of typicality, the supplied data did not seem to meaningfully change their
prediction accuracy. For example, prior to receiving any typicality data, experts’
selections of the most visually appealing glassware were associated with the selections
of consumers with a correlation coefficient of r= .43. However, when they were given
data, their association correlations increased to r= .55 with unidimensional data but
decreased back to baseline (r= .42) with multidimensional data. Conversely, the strength
of the experts’ selections decreased with each presentation of data when making
predictions about the most prestigious glassware.
Experts Ability to Avoid Critical Errors
As discussed in Chapter 4, the least typical members of a product class were
often selected by participants as the most unappealing and the least prestigious. Thus,
to increase the favorability of a design, a designer should avoid very atypical category
exemplars. With this result in mind, we thought it would be prudent to examine if
experts were able to spontaneously use typicality data to avoid “critical errors.” In this
work, we define a “critical error” as selecting an object as being the most visually
appealing or prestigious when, in actuality, the object fell in the bottom quartile of
consumers’ selections. The question we address is where our SMEs spontaneously used
the typicality data we provided to avoid critical errors. Did they avoid selecting very
atypical object designs when they were provided with a measure that could help them
distinguish the typical designs from the atypical ones?
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Tables 16 and 17 show the rate of critical errors as a function of data availability.
Overall, the presentation of typicality data had an inconsistent impact on SMEs’ error
rates. For judgements of visual appeal for glassware, typicality data did not have a
significant effect on SMEs critical error rate (X2= 2.84, p>.05). Neither did the availability
of typicality data have a significant impact on error rates for prestige judgements (X 2=
3.74, p>.05). However, there were significant effects of typicality data on error rates for
both prestige judgements of drinkware (X2= 12.57, p<.05) and for visual appeal
judgments of watches (X2= 8.84, p<.05). With the drinkware, error rates for prestige
judgements were reduced with the unidimensional but not the multidimensional data.
With the wristwatches, error rates were reduced with the introduction of both
unidimensional and multidimensional data.
In summary, the effects of typicality data on critical errors were not uniform
across outcomes and product classes. Where significant effects on data availability were
found, unidimensional data results in error rate improvements, but the impact of
multidimensional data was mixed. There is some evidence that SMEs avoid selecting
atypical alternatives when presented with typicality data, by given the lack of
consistency across all outcome and product conditions, SMEs could probably benefit
from explicit training on the potential downsides of atypical designs, at least for the
design goals studied here.
Table 12. SME Critical Error Rate in Glassware Judgements

Rate of Critical Errors in Glassware Judgements by Experts
Typicality Data
Visual Appeal
Prestige
Presented
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No Typicality Data

18%

18%

Unidimensional Data

18%

10%

Multidimensional Data

25%

20%

Table 13. SME Critical Error Rate in Watch Judgements

Rate of Critical Errors in Watch Judgements by Experts
Typicality Data
Visual Appeal
Prestige
Presented
No Typicality Data
18%
20%
Unidimensional Data

10%

22%

Multidimensional Data

12%

12%

Experts Self-Reported Strategies in Making Design Decisions
Finally, we also asked SMEs to indicate which, if any, of the following design
attributes they used in their decision-making process for both design outcomes in both
product classes: balance, simplicity, novelty, typicality, symmetry, apparent usability,
and “something else”. These attributes were selected as potential design heuristics
based on prior research on aesthetics and product design (Kent et al., 2017; Palmer et
al., 2013). Figure 20 shows the percentage of responses from SMEs across both design
outcome prompts (most visually appealing and most prestigious) in both glassware and
watches when not exposed to any typicality data. In other words, what attributes did
SMEs utilize when spontaneously prompted to make design decisions. Note that
participants were allowed to respond by selecting every attribute they utilized, so the
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percent rates shown in the subsequent tables and figures convey the rate of utilization,
not the relative proportion.
As shown in Figure 17, the rate by which SMEs utilized the design attributes in
their decision-making process was similar across product class with the exception of
symmetry. SMEs indicated that they used the design principle of symmetry in glassware
more than they did with watches. It is possible that the emphasis on symmetry may
reflect the functional importance of the attribute; glassware must have some degree of
symmetry about the vertical axis in order to be stable. This constraint is not as pertinent
to the design of watches, which must fit the human wrist rather than balance on a
surface. Watches may also have functional elements on their faces and “stems” or other
controls on their edges. The careful use of asymmetric arrangements of elements can
make it easier for users to identify critical features and, thus, can enhance usability.
Consistent with this speculation is the slightly greater emphasis on perceived usability
by our SMEs for watches compared to glasses.
Of particular note, typicality was attribute utilized least by SMEs in both product
classes. However, the low usage reported for typicality may not reflect a lack of
consideration of the construct by our SMEs, but rather may reflect a relative emphasis
on designing products that are less, not more typical of the target product class. Indeed,
novelty was amongst the most frequently utilized attributes, with 38% and 36% of SMEs
responding that they used novelty in their decision making for glasses and watches
respectfully. The high utilization rate of novelty in guiding SMEs’ decisions is consistent
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with research demonstrating that a successful design strategy can involve maximizing
novelty while maintaining recognizability (Hekkert et al., 2003).

Figure 17. Percentage of Responses to Attributes Used by SMEs in Decision Making With No Typicality Data

The data illustrated in Figure 17 shows SMEs’ usage of attributes for making the
initial design decisions in our survey, that is, prior to seeing any typicality data.
Additionally, SMEs were prompted to report which attributes they utilized after each
subsequent design decision and after each exposure to typicality data (unidimensional
and multidimensional). Tables 18 and 19 show the utilization rate for making decisions
about both design outcomes (visual appeal and prestige) for both product classes. They
also show the impact of typicality data on SMEs’ self-reported usage of typicality.
Although our emphasis is on the usage of typicality and the related attribute of novelty,
data for the remaining attributes are also reported.
In general, we would expect self-reported use of typicality in design decisions to
increase after typicality data were made available to SMEs. This increase could be due to
experimental demand characteristics, described earlier, where participants feel obliged
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to use information simply because it was given to them in an experimental context.
However, the presence of typicality data could prime SMEs’ knowledge of potential
relationships between typicality and design outcomes. As expected, both for glassware
and watches, SMEs utilization of typicality as a factor in decision making increased as
typicality data was presented. However, the impact of the data was not uniform over
product classes and design outcomes, as would be expected if demand characteristics
were the main explanation for the increased usage. Use of typicality increased after the
presentation of unidimensional data by a maximum of +13% for visual appeal
judgements in glasses. The smallest change (+3%) was for prestige decisions for
drinkware. The change in usage of typicality was more modest after the presentation of
multidimensional data. Ranging from +12% for visual appeal judgements for glassware
to -1% for visual appeal judgments for watches. In summary, the presentation of
typicality data did increase SMEs’ self-reported use of this attribute in their decisionmaking, but the uptake was dependent on both product class and desired design
outcome.
Table 14. Percentage of Rate of Utilization of Design Attributes by Design Outcomes and
Typicality Data Presentation in Glassware

% of
Responses
(No
Typicality
Data)

% of Responses
% of Responses
(Unidimensional (Multidimensional
Typicality Data)
Typicality Data)

Typicality
Visual
Appeal

17%

30%

29%

Prestige

20%

23%

22%

Novelty
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Visual
Appeal

31%

27%

33%

Prestige

43%

52%

55%

Table 15. Percentage of Rate of Utilization of Design Attributes by Design Outcomes and
Typicality Data Presentation in Watches

% of
Responses
(No
Typicality
Data)

% of Responses
% of Responses
(Unidimensional (Multidimensional
Typicality Data)
Typicality Data)

Typicality
Visual
Appeal

22%

29%

21%

Prestige

22%

29%

30%

Novelty
Visual
Appeal

36%

29%

36%

Prestige

36%

35%

30%
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Chapter 8: General Discussion
The impetus for this project was, originally, research indicating that more typical
members of a category are associated with both aesthetic advantages (e.g., greater
visual appeal) and with more efficient cognitive processing (e.g., faster recognition,
more accurate recall) (G. Murphy, 2004; G. L. Murphy & Brownell, 1985; E. Rosch,
Simpson, et al., 1976). Design professionals also debate the proper weighting of novelty
versus typicality in different design scenarios (Hekkert et al., 2003). The goal of this
dissertation was to make recommendations to design professionals about how to
measure and use information about the typicality of alternative, competition designs to
facilitate choices that lead to more successful products. To that end, this chapter
focuses on those findings that have the strongest implications for design practice. We
frame out discussion as answers to a series of practical questions that might reasonably
be asked by industrial designers, user experience researchers, usability analysts, and
marketing researchers.

Does the typicality of a product’s design predict potential consumers reactions?
As covered in the introduction, there is a long and well-established line of
research on typicality and the halo effect typicality has on other perceived attributes
(Martindale et al., 1988; G. L. Murphy & Brownell, 1985; E. Rosch, Simpson, et al., 1976).
The current project addressed whether ratings of typicality could be used to accurately
predict product’s visual appeal and/or its association with prestige. At least for the
design of two product categories – drinkware and wristwatches – the answer appears to
be ‘yes.’ While typicality may not be a reliable way to predict which members of a
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product array consumers found most visually appealing or most prestigious, it does
predict which products consumers did not find visually appealing and prestigious. In
other words, the less typical a particular design, the more likely it was to be assessed
negatively relative to other, competing designs. While it is obviously useful to a design
team to understand how to make their products appear more visually appealing and
prestigious, there is also a benefit for practitioners to have a “warning system” that can
alert them to when their product may be at risk for being poorly received. While these
results cover only two product classes and two design outcomes, the association
between typicality ratings and consumer reactions was strong. The extension of this
research to other product domains seems warranted.
A potential implication of these findings is that typicality ratings should be used
to set a “typicality criterion,” a minimum acceptable typicality rating. This is not to
assume that such a criterion would be universal across product classes. Design
researchers would likely have to determine the appropriate cutoffs for the particular
type of product being developed.

Is a multiattribute typicality scale preferable to the unidimensional legacy
scale?
One of the questions that guided this research was whether we could improve
upon the legacy typicality rating scale in terms of enhanced diagnosticity or enhanced
validity. If typicality is conceptualized as distance from a category’s prototype, then the
characteristics of prototypes described by Barsalou (1985) might provide the basis for
creating a multiattribute ratings scale. The attributes derived from Barsalou’s
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framework were 1) visual similarity to other category members, 2) perceived usability,
and 3) familiarity. The results of the first study suggest that, no, there is little advantage
to using this series of three ratings over a single typicality rating. The extremely high
correlations among the three attributes limited any possible diagnosticity that a
multiattribute approach might otherwise provide. Still, a composite score formed by
averaging the three component ratings could predict a more reliable measure of
typicality, and as a result our criterion-related validity might be increased (for prediction
of consumer reactions). The correlations obtained with the composite score, however,
were only slightly higher than those obtained with the legacy scale. We concluded that a
multiattribute scale based on Barsalou’s attributes did not lead to advantages over the
simple legacy scale.

How should typicality data be communicated to SMEs?
From our Study 2 survey data, SMEs strongly preferred the presentation of data
from the legacy typicality scales (bar graphs showing mean ratings for each product
design) over presentation of the results of the MDS analysis (the 2D MDS plots).
Participants also found the unidimensional data to be more useful and easier to
interpret than the MDS plots.
We anticipated that there might be a difference between the data preferred by
designers and the preferred by researcher in our sample. Researcher are more likely to
be more familiar with many different data types and presentation formats. Consistent
with this hypothesis, the researchers’ preferences were less strong than those of the
designers. In general, however, not that many of the researchers in design contexts
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favor more qualitative data analysis methods. Thus the entire group of SMEs might be
less comfortable with more advanced quantitative analysis techniques such as
multivariate analyses (Bargas-Avila & Hornbæk, 2011; Law, Van Schaik, & Roto, 2014).

How do SMEs make use of typicality data?
We asked SMEs to select the product designs that they thought would result in
the most favorable consumer reactions in terms of visual appeal and prestige. We then
compared SME response to the actual consumer outcome data collected in the first
study. The SMEs made their decisions without exposure to typicality data and then
again after exposure. They were given no training in how to apply typicality data to the
decisions they were asked to make. The SMEs performed well in predicting design
outcomes for drinkware; however their predictions of consumer reactions to different
watch designs were less impressive. SMEs tended to select designs that potential
consumers believed were less prestigious and less visually appealing. These errors in
design prediction may be due to an over emphasis on novelty in making design
selections. Novelty was consistently judged by SMEs as more important than typicality.
It may be that providing typicality data compounded this problem by allowing them to
identify the designs deems most novel (least typical) by research participants. One
implication of these findings may be that design professionals may need to recalibrate
their emphasis on novelty to take into consideration the benefits of typicality.
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Appendix A: Glassware Statistics
Correlation matrix of participant ratings of Glassware
Mean Visual

Mean

Mean

Mean

Most

Least

Most Visually

Least Visually

Similarity

Familiarity

Typicality

Usability

Prestigious

Prestigious

Appealing

Appealing

76

Mean Visual Similarity

-

Mean Familiarity

.979**

-

Mean Typicality

.985**

.959**

-

Mean Usability

.966**

.919**

.965**

-

Most Prestigious

-.002

.115

-.089

-.106

-

Least Prestigious

-.527*

-.512*

-.449*

-.526*

-.318

-

Most Visually

-.082

.063

-.125

-.173

.758**

-.233

-

-.657**

-.653**

-.581**

-.647**

-.274

.962**

-.215

Appealing
Least Visually
Appealing

-

Kaiser-Meyer-Olkin Measure of Sampling Adequacy and Bartlett’s Test of Sphericity for Glassware PCA
Kaiser-Meyer-Olkin Measure of Sampling Adequacy
Bartlett’s Test of Sphericity
Approximate Chi-Square
df
Sig.

.780
118.782
6
.000

Anti-image Matrix for Glassware PCA
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Anti-image
Covariance

Anti-image
Correlation

Visual Similarity
Familiarity
Typicality
Usability
Visual Similarity
Familiarity
Typicality
Usability

Visual Similarity
.401
-.228
-.133
-.096
.729
-.563
-.253
-.192

Familiarity
-.228
.408
-.067
-.137
-.531
.731
-.127
-.271

Typicality
-.133
-.067
.692
-.082
-.253
-.127
.877
-.124

Total Variance Explained in Glassware PCA
Component
1
2
3

Total
2.653
.606
.483

Initial Eigenvalues
% of Variance
66.329
15.161
12.069

Cumulative %
66.329
81.490
93.559

Usability
-.096
-.137
-.082
.628
-.192
-.271
-.124
.864

4

.258

78

Scree Plot of Eigenvalues in Glassware PCA

6.441

100.00
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Appendix B: Watches Statistics
Correlation matrix of participant ratings of watches
Mean Visual

Mean

Mean

Mean

Most

Least

Most Visually

Least Visually

Similarity

Familiarity

Typicality

Usability

Prestigious

Prestigious

Appealing

Appealing
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Mean Visual Similarity

-

Mean Familiarity

.993**

-

Mean Typicality

.993**

.993**

-

Mean Usability

.967**

.980**

.976**

-

Most Prestigious

.207

.213

.205

.172

-

Least Prestigious

-.219

-.256

-.239

-.283

-.389

-

Most Visually

.143

.171

.150

.160

.822**

-.389

-

-.794**

-.813**

-.805**

-.838**

-.321

.628**

-.300

Appealing
Least Visually

-

Appealing

Kaiser-Meyer-Olkin Measure of Sampling Adequacy and Bartlett’s Test of Sphericity for Watches PCA

Kaiser-Meyer-Olkin Measure of Sampling Adequacy
Bartlett’s Test of Sphericity
Approximate Chi-Square
df
Sig.

.840
193.175
6
.000

Anti-image Matrix for Watches PCA
Anti-image
Covariance
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Anti-image
Correlation

Visual Similarity
Familiarity
Typicality
Usability
Visual Similarity
Familiarity
Typicality
Usability

Visual Similarity
.300
-.140
-.042
-.093
.822
-.508
-.110
-.286

Familiarity
-.140
.253
-.101
-.103
-.508
.791
-.285
-.344

Typicality
-.042
-.101
.491
-.081
-.110
-.285
.908
-.194

Total Variance Explained in Watches PCA
Component

Total

Initial Eigenvalues
% of Variance

Cumulative %

Usability
-.093
-.103
-.081
.352
-.286
-.344
-.194
.867

1
2
3
4

3.151
.407
.264
.179

Scree Plot of Eigenvalues in Glassware PCA

78.767
10.170
6.599
4.465

78.767
88.936
95.535
100.00
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Appendix C: Stimuli

Glassware
1

2

3

4

5

6

7

76

8

9

10

11

12

13

14

77

15

16

17

18

19

20

78

Watches
1

2

3

4

5

6

79

7

8

9

10

11

80

12

13

14

15

16

17

81

18

19

20
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Appendix D: Multidimensional Scaling Results
Unidimensional Graph of Mean Typicality Ratings for Watches and Glasses

MDS Plot with Cluster Analysis Superimposed for Glasses and Watches
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